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Abstract

Long-context reasoning remains a critical chal-
lenge for Large Language Models (LLMs).
Current research typically curates specialized
training data by treating long-context reason-
ing as a monolithic task, yet it is challenging
to verify its quality due to its internal cogni-
tive complexity. In this paper, we propose a
paradigm shift: viewing long-context reasoning
as a hierarchical spectrum of core atomic skills.
To operationalize this, we present an Anchor-
based Reasoning (AbR) pipeline that automat-
ically synthesizes strictly verifiable training
data for each skill, thereby enabling reliable
quality. Diagnostic analyses confirm that profi-
ciency in these atomic skills strongly predicts
general long-context reasoning performance.
By training exclusively on a highly compact
set of merely four thousand synthesized sam-
ples with Reinforcement Learning (RL), we
explicitly sharpen these foundational capabili-
ties. Extensive experiments across six challeng-
ing benchmarks demonstrate that this targeted
RL causally delivers robust and generalizable
performance gains, outperforming DeepSeek-
R1-distill-32B by an average margin of 7.7%
(improving from 46.3% to 54.0%). Further-
more, in-depth ablations reveal that these skills
operate synergistically, establishing a scalable,
data-efficient, and verifiable path to advancing
long-context reasoning.

1 Introduction

The rapid evolution of Large Language Models
(LLMs) (Guo et al., 2025; Liu et al., 2025; Co-
manici et al., 2025; Zhao et al., 2025) has made
the ability to process extensive context windows
increasingly critical. Real-world applications, such
as analyzing multi-document repositories, synthe-
sizing legal contracts, and processing financial re-
ports (Meyur et al., 2025; Reddy et al., 2024; Zhao
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Sanofi's 2024 half-year financial report
By how much did the revenue share of the top ten pharmaceutical products of
Sanofi in the first half of 2024 i compared to the same period last year

% (without excluding the impact of exchange rate fluctuations)? Please retain one
decimal place in the final calculation result.
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Figure 1: Solving a complex financial query
(LongBench-v2) into atomic skills. The solution re-
lies on a five-step synergistic pipeline: locating reports
(Foundational Retrieval), filtering out exchange-rate
distractors (Anti-Interference), aggregating data for the
2024 Top 10 products (Global Integration), aligning
these targets with 2023 figures (Relational Reasoning),
and computing the final numerical share (Dynamic State
Tracking).

et al., 2026), demand that models not only “compre-
hend” massive texts but also reason over them ef-
fectively. However, although recent advancements
have expanded context windows to up to 1 million
tokens (Team et al., 2024; GLM et al., 2024), a
pronounced chasm persists between the scale of
context models can accommodate and the efficacy
of reasoning they deliver (Paulsen, 2025).

To bridge this critical gap, conventional ap-
proaches typically entail curating specialized train-
ing datasets tailored for complex long-context rea-
soning tasks (Chen et al., 2023; Zhang et al., 2025;
Bai et al., 2024), followed by fine-tuning (Li et al.,
2024a) or reinforcement learning (RL) (Wan et al.,
2025; Wang et al., 2025) to boost model perfor-
mance. Nevertheless, long-context reasoning is
conventionally treated as a monolithic, indivisible
task. Directly curating high-quality data for such
complex tasks is fraught with challenges (Yang
et al., 2025b), including latent knowledge conflicts
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(Xu et al., 2024) and severe hallucinations. Cru-
cially, this monolithic complexity makes it diffi-
cult to provide strict and verifiable supervision for
RL(Li et al., 2024c).

In this paper, we propose a paradigm shift: rather
than treating long-context reasoning as a single
indivisible task, we investigate whether it can be
systematically improved by explicitly enhancing
a core set of atomic skills. Inspired by classic
theories on discourse comprehension and multi-
step problem solving (Kintsch, 1991; Simon and
Newell, 1971), we posit that resolving complex
queries over extensive contexts is inherently a
multi-stage process. As illustrated by the real-
world financial analysis case in Figure 1, solving
complex queries fundamentally decomposes into
simpler, recurring capabilities. We abstract these
requirements into five intuitive atomic skills ubig-
uitous in long-context workloads: Foundational
Retrieval, Anti-Interference , Global Integration,
Relational Reasoning, and Dynamic State Track-
ing (§2.1). Crucially, unlike inherently complex
real-world tasks, each atomic skill is conceptually
straightforward in isolation. This insight moti-
vates our Anchor-based Reasoning (AbR) pipeline,
which automatically synthesizes skill-specific train-
ing data equipped with algorithmically generated
and strictly verifiable ground-truth answers (§2.2).

We conduct intensive experiments to demon-
strate the effectiveness of the AbR framework. We
utilize these atomic skills as both diagnostic probes
and training targets and empirical analysis reveals
that performance on these probes closely aligns
with standard long-context benchmarks, validating
them as accurate proxies (§3.1). Building upon this,
we enhance these skills via RL (Shao et al., 2024;
Yu et al., 2025) using merely 4,000 synthetic AbR
samples. Extensive experiments across six chal-
lenging benchmarks demonstrate consistent and
significant gains. Notably, DeepSeek-R1-distill-
32B improves from 46.3% to 54.0% on average
(§3.2). Further in-depth ablations reveal the un-
derlying mechanics: these atomic skills function
synergistically and are hierarchically coupled, con-
firming that explicit atomic enhancement scales ef-
fectively to general long-context reasoning (§3.3).

Our contributions are summarized as follows:

¢ Atomic SKills for Long-context Reasoning:
We identify five intuitive atomic skills that fre-
quently arise in complex long-context tasks
and statistically validate them as highly ac-

curate diagnostic proxies for real-world long-
context capabilities.

* Verifiable AbR Data Construction: We in-
troduce the Anchor-based Reasoning (AbR)
pipeline, an automated and scalable approach
to synthesize strictly verifiable training data
tailored to each atomic skill, effectively mit-
igating the challenges of monolithic long-
context data curation and RL supervision.

» Highly Efficient Enhancement & Synergy
Insights: We demonstrate that applying RL
on merely 4,000 AbR samples yields substan-
tial generalization gains across leading long-
context benchmarks. Furthermore, our exten-
sive ablations reveal the internal hierarchical
dependency of these skills, offering new in-
sights into how LLMs process extended con-
texts.

2 Atomic SKkills and Anchor-based
Reasoning

As motivated in the introduction, solving complex
real-world tasks (e.g., Figure 1: financial analysis
over lengthy reports) requires a cluster of sub-skills,
from locating scattered figures to performing multi-
step calculations. We view long-context reasoning
as a hierarchy of cognitive skills rather than a single
capability. Based on this view, we identify five
common skills under two main design constraints:

* (C1) Pipeline Coverage: Collectively,
the skills should cover the fundamen-
tal pipeline that any robust model must
execute in complex scenarios. (e.g.,
retrieve—filter  noise—integrate—deduce
relations—-compute).

* (C2) Verifiable supervision: Each skill must
admit an algorithmic, strictly verifiable an-
swer (e.g., numeric values, symbolic expres-
sions) to enable exact-match rewards for RL,
avoiding subjective evaluation flaws.

2.1 Atomic Skill Taxonomy

Ordered by increasing cognitive complexity and
directly mapping to the fundamental pipeline (C1),
our five targeted atomic skills are defined as fol-
lows. To ensure consistency with our subsequent
experimental analyses (Figures 3, 5, and 6), we
provide the corresponding shorthand notations in
parentheses.
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Foundational Retrieval(NIAH): The Prerequi-
site Before any complex reasoning can occur,
a model must first prove it can reliably locate
isolated facts (“the needle”) anywhere within a
vast sea of text (“the haystack”)(NIAH), overcom-
ing the well-documented “lost-in-the-middle” phe-
nomenon. This is the bedrock of all long-context
capabilities.

Anti-Interference (Anti-interfere): Robustness
to Noise Building on simple retrieval, Robustness
to Noise addresses a more realistic challenge. It’s
not enough to just find information; a model must
distinguish the correct target from similar-looking
but incorrect “distractors”. This skill measures the
ability to maintain focus and factual accuracy when
faced with deceptive or confusing information.

Global Integration(Multi-source): Multi-Source
Synthesis Moving beyond localized extraction,
this skill requires the model to break free from lo-
cal attention traps. It must actively scan across
document boundaries to identify, extract, and syn-
thesize multiple scattered data points, proving its
capability to process and unify parallel streams of
information.

Relational Reasoning (Logic): Structure Under-
standing and Logic The next level of complex-
ity, Relational Reasoning, requires more than just
gathering facts; it demands an understanding of the
logical relationships between them. A model must
recognize the text’s underlying structure to perform
operations like filtering, joining, or comparing dif-
ferent sets of information, much like executing a
database query on unstructured text.

Dynamic State Tracking (Calc-reason): Long-
Range Computational Reasoning At the peak
of this hierarchy, Dynamic State Tracking tests
a model’s ability to perform multi-step computa-
tional reasoning. Here, a model must not only
retrieve and relate information but also use it to
perform intermediate calculations. It must derive
new values from the text, hold these “states” in its
working memory, and then execute a final compu-
tation using these derived results, completing a full
“retrieve-solve-then-compute” workflow.

2.2 Automated Dataset Construction Pipeline

To instantiate this conceptual taxonomy into scal-
able and strictly verifiable training data, we intro-
duce the Anchor-based Reasoning(AbR) frame-
work. The core idea of AbR is to embed algorith-
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Figure 2: The Automated Dataset Construction Pipeline
of the Anchor-based Reasoning (AbR) Framework.

mically generated anchors—unique strings paired
with specific, verifiable questions—into extensive,
noise-laden documents. By strategically distribut-
ing these “anchor-question” pairs, AbR enables us
to construct meta-questions that require a model to
locate, disambiguate, aggregate, or reason over the
answers to the embedded queries. In this way, AbR
turns abstract atomic skills into concrete training
and evaluation instances with controllable struc-
ture and verifiable ground truth. As shown in fig-
ure 2, we establish a three-stage automated pipeline
to construct scalable, controllable, and verifiable
datasets.

Stage 1: Logical Blueprint Generation. We
first programmatically generate a doc_mapping
JSON file. This blueprint defines the “ground
truth” by specifying which anchors (anc_id) are
contained within each virtual document (doc_id).

// 5 anchors across 3 docs.

{
"doc1"”: ["anc4", "anch5", "anc3"],
"doc2": ["anc1”, "anch5", "anc2"],
"doc3": ["anc4", "anc3"]

}

Stage 2: Question-Answer Pair Generation.
Based on doc_mapping, we then generate diverse
meta-questions requiring complex reasoning via
rule-based templates or LLMs. The answers are
generated as an executable expression, represent-
ing the procedural steps needed to arrive at the
correct solution. Solve(Q(anc)) denotes solving
the question associated with a specific anchor.

* Question (Relational): “In the document that
contains both ‘anchor5’ and ‘anchor3’, what
is the answer to the question associated with
‘anchor4’?”
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* solve (@ (ancy, d € (D(ancs) N D(ancy))))

* Question (Computational): ‘“Calculate the
sum of the answers to the questions for ‘an-
chor3’ in all documents that contain it.”

* ) solve(Q (doc;, ancs))

i€{1,3}

Stage 3: Multi-Document Context Synthesis.
We assemble the final sample by: 1) selecting un-
related background texts for each doc_id; 2) in-
serting anchor-question pairs at random positions
based on the doc_mapping; and 3) pairing the meta-
question with the full synthesized context.

Skill-Specific Task Construction We tailor AbR
tasks for each atomic skill: (1) Foundational Re-
trieval inserts specific pairs requiring the model
to locate distributed anchors for objective answers.
(2) Robustness to Noise employs two interference
patterns: Similarity Discrimination uses highly sim-
ilar anchors for fine-grained distinction, while Con-
flicting Information Resolution distributes identical
anchors to enforce contradiction resolution. (3)
Global Integration fragments clues across separate
documents, compelling the model to aggregate dis-
persed data points into coherent logical chains. (4)
Relational Reasoning imposes logical constraints
on structural positions, requiring set operations
(e.g., intersection, union) on document locations
to identify targets. (5) Dynamic State Tracking ne-
cessitates a multi-stage process deriving numerical
values from distributed anchors to execute sequen-
tial mathematical operations. Detailed showcases
for each skill are provided in the Appendix B.

Controllable Difficulty A key advantage of our
methodology is the precise control of training dif-
ficulty across a continuous complexity spectrum.
By systematically tuning parameters such as con-
text length, anchor density, noise similarity, and
reasoning depth, we establish a controlled envi-
ronment for generating diverse challenges. This
granularity facilitates the seamless blending of dif-
ferent difficulty levels during training, while also
laying a solid groundwork for future research into
long-context curriculum learning.

2.3 RL Training Protocols

To translate these atomic proxies into capabil-
ity gains, we perform RL on a compact 4000
sample AbR dataset of verifiable atomic skill in-
stances. We post-train base reasoning models via

Group Relative Policy Optimization (GRPO) (Shao
et al., 2024) augmented with Dynamic Sam-
pling (Yu et al., 2025) for efficient policy op-
timization. Rewards are binary, computed by
gpt-oss-120B (Agarwal et al., 2025) judging
whether outputs match ground-truth answers. No-
tably, gpt-o0ss-120B underperforms our base mod-
els on long-context reasoning(Table 1, §3.3), so
any RL gains stem from the AbR dataset rather
than the checker’s capabilities.

3 Empirical Evidence for Atomic SKkill
Enhancement

Our empirical evaluation has three core goals: first,
validate that our atomic skills reliably proxy real-
world long-context capabilities; second, demon-
strate the effectiveness of enhancing these skills
via RL on standard benchmarks; third, conduct ab-
lations to show these skills function synergistically
within a hierarchical cognitive structure.

3.1 Experimental Setup

Diagnostic Validation Setup To verify that our
atomic skills serve as effective proxies for gen-
eral long-context capability, we compute Spear-
man rank correlations (p) between performance on
our atomic probes and six real-world benchmarks.
We evaluate 11 diverse open-source models (7B
to 32B), using context lengths up to 128K tokens
for consistency. Besides, we further analyze abso-
lute skill scores to characterize the strengths and
weaknesses of current models.

RL Training Configuration For the RL
enhancement phase, we utilize three back-
bone  models: Qwen2.5-14B-Instruct,
Qwen2.5-32B-Instruct (Alibaba, 2024),
and DeepSeek-R1-Distill-32B (DeepSeek,
2025a). All models are cold-started in the RL
phase without prior long-context fine-tuning. To
ensure optimal training difficulty, the dataset is
filtered using DeepSeek-V3.1 (DeepSeek, 2025b)
(retaining pass rates between 0.3 and 0.6) and
blended across skills. Exhaustive details regarding
hyperparameter configurations, data mixture
ratios, and reward mechanism are provided in
Appendix C.

Evaluation Framework and Baselines We
assess the final models on a comprehensive
suite of benchmarks: LongBench-v2 (Bai et al.,
2025), Loong (Wang et al., 2024), MRCR (Ope-
nAl, 2025c), BrowsCompLong (OpenAl, 2025a),
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Spearman Correlation: Real Benchmarks vs. Atomic Abilities
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Figure 3: Spearman Correlation Analysis. The
heatmap compares the correlation of our proposed
atomic capabilities against real-world long-context
benchmarks.

the ga_2 subset from Ruler (Hsieh et al.,
2024), and the real-prompt subset of Loogle (Li
et al, 2024b). @ We compare against lead-
ing closed-source (Gemini-3-Pro) and open-
source models (Kimi-K2-Thinking (Team et al.,
2025), DeepSeek-V3.1, Qwen3-235B (Yang et al.,
2025a)). To isolate the impact of our data, we also
construct direct baselines by training our primary
backbone on existing synthetic datasets such as
LongReason (Ling et al., 2025), QwenDocga (Wan
et al., 2025), and LoonngR1 (Wang et al., 2025).
Detailed configurations are in Appendix D.

3.2 Diagnostic Validation: Are Atomic Skills
Good Proxies?

As shown in Figure 3, the results provide strong
statistical evidence (p-values) validating our core
premise: performance on these atomic probes
tightly mirrors real-world long-context capabilities.

High Predictive Validity. Our atomic probes
demonstrate exceptional predictive power regard-
ing the average performance on real-world bench-
marks (Real_mean). For instance, our NIAH and
Anti-interfere probes achieve exceptional alignment
with Real_mean (p = 0.95 and p = 0.94, respec-
tively). This superiority is particularly evident in
challenging benchmarks like Loong, where Multi-
source reaches a correlation of p = 0.99. These
consistently high correlations (all significant at
p < 0.001) validate our taxonomy: rather than
being an arbitrary collection of tasks, these probes
serve as accurate “proxies” that effectively decom-
pose the complexity of long-context reasoning into

measurable atomic units.

Beyond Generic Reasoning Baselines. While
GSM-infinite (Zhou et al., 2025) demonstrates a
moderate correlation (p = 0.70), indicating it is
an important indicator of general multi-step rea-
soning, it consistently lags behind our Calc-reason
(p = 0.94). This suggests that our probes capture
specific context-handling and integration mecha-
nisms beyond standard mathematical reasoning,
making them complementary rather than contradic-
tory.

Diagnosing the capability gap. We further ob-
serve an “importance-proficiency” mismatch: skills
highly correlated with real-world performance,
such as Anti-interfere and Multi-source, remain
weak in current models. In contrast, clean NIAH
is relatively better solved, suggesting diminishing
returns from further improving simple retrieval. De-
tailed analysis is provided in Appendix E.

3.3 Main Results: Elevating Long-Context
Reasoning

Having established the validity of our atomic prox-
ies and identified critical capability gaps in current
models, we evaluate the real-world performance
of models enhanced via RL on our AbR-generated
dataset.

Outperforming General Baselines. Table 1
presents the comprehensive evaluation results
across six challenging long-context benchmarks.
We can see that our approach yields an abso-
lute gain of 7.7% in average over the backbone
DeepSeek-R1-distill-32B. Our explicitly en-
hanced model demonstrates highly competitive
performance against state-of-the-art models, out-
performing the remarkable Kimi-K2-Thinking,
DeepSeek-V3.1, and Qwen3-235B by a large mar-
gin. This establishes the effectiveness of atomic
skill enhancement in pushing the upper bounds of
long-context reasoning. Furthermore, rather than
compromising the model’s inherent capabilities,
our approach actively enhances them: evaluations
on standard short-context multi-hop benchmarks
(detailed in Appendix F) reveal an 8.8% average
absolute gain over the base model.

Superiority over Existing Long-context
Training Data. To rigorously isolate the
impact of our data construction, we compare
against direct baselines fine-tuned on the same
DeepSeek-R1-distill-32B backbone. As
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Table 1: Performance comparison on Open Long Context Benchmarks. The top block shows general baselines and
the bottom block illustrates the direct baselines with the same backbone.

Model Loogle Longbench-v2  Loong Browscomplong Ruler-qa2 MRCR Average
Gemini-3-pro 52.86% 69.38% 65.43% 88.07% 83.01% 7530% 72.34%
Kimi-K2-Thinking 51.50% 49.30% 58.01% 58.10% 4998% 51.77%  53.11%
DeepSeek-V3.1 55.77% 52.88% 50.55% 56.27% 42.97% 46.62%  50.84%
Qwen3-235B-A22B-thinking-2507 52.77% 49.30% 53.70% 50.76% 46.81% 44.61%  49.66%
QwenLong-L1-32B 49.32% 43.74% 44.68% 69.93% 4770% 27.70%  47.18%
GPT-OSS-120B 40.15% 1531% 22.83% 71.87% 39.92% 22.83% 35.49%
DeepSeek-R1-distill-32B 42.31% 43.94% 38.17% 64.22% 5723% 31.94%  46.30%
DeepSeek-R 1-distill-32B+LongReason 43.23% 44.14%  38.57% 57.90% 58.36% 32.85%  45.84%
DeepSeek-R 1-distill-32B+QwenDocga 47.96% 46.32%  39.98% 71.56% 67.45% 34.59%  51.31%
DeepSeek-R1-distill-32B+LoongRL 48.41% 4573%  40.29% 70.74% 61.84% 37.23%  50.71%
DeepSeek-R1-distill-32B+Ours 50.59% 49.70% 44.68 % 73.09 % 69.38% 36.74%  54.03%
DeepSeek-R1-distill-32B+Ours+LoongRL  55.59% 51.29% 44.45% 72.27% 67.01% 36.12% 54.46%

Table 2: Performance of our approach applied to more backbone models. The best result in each column with its

block is highlighted in bold.

Model Loogle Longbench-v2 Loong Browscomplong Ruler-qa2 MRCR Average
Qwen2.5-14B-instruct 33.06% 36.38%  24.65% 47.30% 40.28% 31.87%  35.59%
Qwen2.5-14B-instruct+Ours  40.51% 41.15% 28.63% 69.72% 63.21% 31.73% 45.83%
Qwen2.5-32B-instruct 35.97% 39.76% 34.27% 60.65% 45.25% 3333% 41.54%
Qwen2.5-32B-instruct+Ours  45.78 % 43.94% 38.34% 60.86 % 47.74% 36.33% 45.50%

presented in Table 1, while existing strategies like
QwenDocQA and LoongRL effectively improve
the baseline (raising the average score from
46.30% to 51.31% and 50.71%, respectively), our
method achieves a significantly higher average
score of 54.03%. This significant margin indicates
that our construction strategy captures critical
long-context dependencies more effectively than
previous approaches.

Scalability Across Model Families. Crucially,
this performance superiority is not limited to a sin-
gle model family. As detailed in Table 2, applying
our approach to the Qwen2.5-14B and 32B mod-
els yields substantial absolute gains (+10.24% and
+3.9% respectively), demonstrating broad general-
ization across model scales.

Synergistic Effect and Extensibility. Experi-
mental results demonstrate a strong synergistic ef-
fect when combining our method with 1,000 Loon-
gRL samples, yielding the highest overall perfor-
mance of 54.46%. This “stacking” effect sug-
gests that our atomic skill enhancement and ex-
isting datasets address different, complementary
aspects of long-context capabilities. Furthermore,
our proposed AbR framework is inherently exten-
sible: other unexplored atomic skills can be seam-
lessly defined, synthesized, and optimized using
the exact same methodology to continually push

Performance Analysis across Context Length Intervals
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Figure 4: Performance Comparison across Context
Length Intervals on LongBench-v2. The Pass@1 ac-
curacy of baseline models (dashed lines) versus our
method (solid lines) across different length buckets.

the boundaries of long-context reasoning.

Length-Invariant Robustness To investigate the
robustness of our method under varying input
lengths, we analyze performance on LongBench-
v2 across four distinct intervals ranging from 8k to
128k. As illustrated in Figure 4, our method consis-
tently shifts the performance curve upward, main-
taining superiority regardless of context length.
The results confirm that our approach effectively
mitigates the performance degradation typically ob-
served in extended contexts. Specifically, for the
DeepSeek-R1-distill-32B model, we achieve a
substantial gain in the 32k-64k interval, boost-
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Performance on Atomic Capability Probes

100

79.8 80.7

80

67.7 68.8

a0

Performance (%)

NIAH Anti-ini:erfere Multi-éource Loéic Calc-r‘ea?mf

Base (32B) Base + 4k Loongrl Base + Ours

Figure 5: Performance comparison on Atomic Capabil-
ity Probes. We compare the DeepSeek-R1-distill-32B
base model (Grey), the model trained with 4k LoongRL
(Blue), and our proposed method (Orange).

ing accuracy from 48.48% to 59.09% . Crucially,
this advantage persists even in the challenging
64k-128k bucket, demonstrating that our method
sustains high-quality reasoning capabilities across
the entire long-context spectrum without suffering
from significant information loss.

3.4 In-depth Analyses: Why Atomic Skill
Enhancement Works?

Why does explicitly targeting isolated atomic skills
lead to such significant gains on complex tasks? In
this section, we dissect the mechanics of our frame-
work, proving that our method directly enhances
targeted skills, relies on their synergy, and reflects
a fundamental cognitive hierarchy.

3.4.1 Direct Atomic Enhancement: Beyond
Simple Retrieval

Before assessing general generalization, we first
verify whether our RL training directly enhances
the targeted atomic skills. As shown in Figure 5,
our method yields substantial improvements over
the Base model across all dimensions, particularly
in tasks requiring deep cognitive processing. No-
tably, Logic surges from ~ 18% to 68.8%, and
Calc_reason nearly doubles to 80.7% . Compared
with LoongRL, our method achieves similar per-
formance on simple retrieval (NIAH: ~ 78% vs.
79.8% ), but substantially outperforms it on harder
skills such as Anti-interfere (+26.7%) and Logic
(+41.8%), showing that AbR pushes models be-
yond the retrieval ceiling toward robust discrimina-
tion and structured reasoning.

Performance Gain over Base Model (General Benchmarks)
Loong

—— Full Method vs Base
—— wi/o niah

Longbench_v2

+6.3
e

Browscomplong —i
+20
+8.0 =z e
P T +10
) s
3 0
s
i 10

Ruler_ga2

Mean

MRCR

Figure 6: Performance Gain over Base Model. The
radar chart compares the performance improvements of
our full method (red, with stars) against various ablation
variants across six real-world long-context benchmarks.

3.4.2 Ablation Study: Are All Atomic Skills
Necessary?

If the model has acquired these skills, are they all
necessary for real-world tasks? To answer this,
we ablated specific components from our training
mixture.

Full Skill Mixture Performs Best. The Full
Method (red line) consistently yields the highest
improvements, completely enveloping all other ab-
lated variants in Figure 6. It achieves remarkable
gains across diverse benchmarks, such as +13.3 on
Loogle and +9.8 on Ruler-qa2. This comprehen-
sive superiority demonstrates that the synergy of
all atomic capabilities is essential for maximizing
robust long-context performance.

Global Integration: The Foundational Stabilizer.
Removing Multi-source data (blue line) reveals
a critical phenomenon: performance on general
benchmarks like Loong and LongBench-v2 drops
below the Base model, despite remaining positive
on MRCR. This suggests that Multi-source data
acts as a foundational stabilizer; without it, the
model over-specializes in single-document retrieval
(yielding the highest MRCR score), creating a skill
imbalance that degrades its fundamental ability to
process complex, general long contexts.

Relational Reasoning: The Structural Back-
bone. The removal of Logic (green line) leads to
substantial performance degradation on Browscom-
plong and Ruler_ga?2. The wide gap between the
green and red lines on these axes suggests that tasks
involving long-document browsing or complex QA
rules rely heavily on the model’s logical structure
and reasoning chain, rather than simple retrieval.
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Dynamic State Tracking: The Universal Pre-
cision Enhancer. The Calc_reason capability
(purple line) proves to be a global performance en-
hancer, not limited to the numerical tasks in Loogle.
The consistent drops across general benchmarks
like Ruler_ga2 and Loong indicate that training on
calculation data instills a rigorous reasoning mind-
set, improving the model’s generalized ability to
track complex dependencies and maintain precision
over long contexts.

3.4.3 SKkill Interaction: Distinct but
Hierarchically Coupled

Having established that all skills are necessary for
external real-world tasks, we now investigate how
these skills interact internally. We cross-analyzed
the performance drops on individual atomic probes
when specific training components were ablated
(Figure 7). The results perfectly validate that long-
context capability is not a flat list of tasks, but a
hierarchical cognitive spectrum.

Diagonal Dominance Indicates Distinctness.
The heatmap exhibits a strong diagonal pattern, par-
ticularly for Logic (-29) and Anti-interfere (-21.1).
This confirms that "Logical Structuring" and "Ro-
bust Discrimination" are specialized skills requir-
ing dedicated training, as they cannot be implicitly
learned solely through simple retrieval tasks.

Off-diagonal Drops Reveal Hierarchical Depen-
dencies. The off-diagonal values reveal a clear
cognitive hierarchy. We observe an asymmet-
ric dependency where removing Logic signifi-
cantly impairs Calc_reason (-12.3), whereas re-
moving Calc_reason has a much smaller impact
on Logic (-6.0). This supports the hypothesis that
dynamic state manipulation relies on underlying
logical structuring. Furthermore, the removal of
Multi_source causes consistent degradation across
all atomic capabilities (e.g., -10.6 on Anti-interfere,
-10.5 on Calc_reason). This corroborates the "skill
imbalance" observed in 3.4.2, confirming that
Global Integration acts as a foundational stabilizer,
which is essential for maintaining the general dis-
tribution alignment required to support specialized
cognitive skills.

4 Related Works

Enhancing long-context reasoning in LLMs has
attracted extensive efforts (Chen et al., 2023; Li
et al., 2024d; Bai et al., 2024; Xie et al., 2026),
alongside broader advances in efficient generation

Ablation Impact: Performance Drop vs Full Method
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Figure 7: SKkill Interaction Analysis. The heatmap
shows performance drops on atomic capability probes
after removing each skill-specific training component,
revealing both skill distinctness and cross-skill depen-
dencies.

through multi-token prediction and speculative de-
coding (Zhao et al., 2026; Liu et al., 2026). Con-
ventional paradigms typically curate task-specific
datasets (Chen et al., 2023; Bai et al., 2024) to
optimize models via fine-tuning (Li et al., 2024a;
Zhang et al., 2025) or reinforcement learning (Wan
et al., 2025; Shen et al., 2025; Wang et al., 2025).
However, treating long-context reasoning as a
monolithic task complicates high-quality data con-
struction (Yang et al., 2025b), often introducing
inadequate verification (Li et al., 2024c) and latent
knowledge conflicts (Xu et al., 2024). To address
these limitations, our AbR framework shifts the
paradigm from holistic task-matching to atomic
skill decomposition. This approach enables the
automatic synthesis of strictly verifiable training
data, effectively overcoming the quality and scal-
ability bottlenecks of conventional monolithic ap-
proaches.

5 Conclusions

In this paper, we propose to enhance long-context
reasoning by improving a hierarchical spectrum of
five atomic skills. We present the Anchor-based
Reasoning (AbR) framework, which automatically
synthesizes verifiable training data for each atomic
skill. Then, we employ the reinforcement learning
to post-train a base model on the obtained AbR
dataset. Our empirical results demonstrate that ex-
plicitly targeting these foundational skills is highly
effective: applying RL on a compact dataset of
merely 4,000 AbR samples yields substantial and
consistent improvements across six challenging
real-world benchmarks. Furthermore, our in-depth
ablations reveal that these atomic skills operate syn-
ergistically within a hierarchical cognitive structure
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rather than in isolation. Ultimately, this work pro-
vides a scalable, data-efficient, and strictly verifi-
able path to advancing long-context capabilities in
LLMs.

Limitations

While our atomic-skill enhancement paradigm
demonstrates significant improvements in long-
context reasoning, it also opens several exciting
avenues for future exploration. Because our current
RL framework relies on strictly verifiable exact-
match rewards, we intentionally focused on deter-
ministic extraction and QA tasks; future research
should extend this approach to open-ended gener-
ative tasks, such as repository-level code genera-
tion and complex summarization, by developing ro-
bust evaluation metrics for long-form faithfulness.
Additionally, our proposed five-skill taxonomy
serves as a flexible scaffold rather than an exhaus-
tive cognitive model, inviting further expansion
into dimensions like temporal reasoning and cross-
tabular planning. Our current difficulty-filtering
strategy is also based on empirically selected cri-
teria, and more detailed ablations across different
filtering thresholds and target-model-specific filter-
ing schemes would provide a better understanding
of its impact and generalizability. Finally, to fur-
ther maximize training efficiency, future studies
could also transition from our empirically derived
static data mixtures to dynamic curriculum learning
during RL.
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A The Use of LLMs

During the preparation of this manuscript, we uti-
lized Large Language Models (LLMs) to assist
with the writing process. Specifically, LLMs were
employed to correct grammatical errors, improve
phrasing, and enhance the overall clarity and read-
ability of the text.

B Showcases for 5 Atomic SKkills

B.1 Foundational Retrieval: NIAH

Multiple specific anchor-question pairs are dis-
tributed across a long context. The model is tested
on its ability to precisely locate a specific anchor
and other similar anchors, and answer associated
objective questions.

Case ID: Distributed-Retrieval-NIAH
Category: NIAH
Key Mechanism: Distributed Anchors

Context Overview:

* The Haystack (Background Context): A
long sequence of unrelated text segments
(e.g., financial reports, historical essays, or
technical logs) serving as noise.

* Inserted Needles (Distributed Pairs): Spe-
cific Anchor-Question pairs are inserted at
random intervals throughout the context.

[Segment 0-10%] ... The industrial rev-
olution marked a turning point ... [ID:
A-105] — {Question 1} ...

[Segment 40-50%] ... regarding the
molecular structure of polymers ... [ID:
B-292] — {Question 2} ...

[Segment 80-90%] ... market volatility
observed in the last quarter ... [ID: C-
345] — {Question 3} ...

* Target Needle: The specific pair required

by the instruction (e.g., the pair located at
the 50% depth).

Instruction:
Please answer the question following the an-
chor [ID: B-292] in the text above.

Target Answer:

3398 (The model must retrieve the exact ob-
Jective question associated with the specific
key, and answer the question correctly.)

B.2 Robustness to Noise: Anti-Interference

The anchor string 1760536321726-5em0 appears
in Doc 1 (twice) and Doc 3 (once). The prompt
explicitly requests the content from Doc 3. Tests
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if the model respects document boundaries despite
conflicted retrieval anchors.

Case ID: Anchor-Conflict

Category: Anti-interfere

Key Mechanism: Anchor Duplication &
Document Scope Constraint

Context Overview:

¢ Document 1 (Distractor): Contains the an-
chor string twice, associated with a Geome-

try problem and a Matrix Trace problem.

[Noise] ... 1760536321726-5em0:
Given a set of points P = {Py,...}
on a plane... [Noise] ... 1760536321726-
Sem(: Calculate the trace of the follow-
ing matrix...

* Document 2 (Noise): Irrelevant content
(Programming Q&A).

* Document 3 (Target): Contains the an-
chor string once, associated with a Complex

Analysis problem.
[Noise] ... 1760536321726-5em0:
. exp(z2)
Evaluate the .mtegral I mdz,
where C' consists of the contour...

Instruction:
Please answer the question following
‘1760536321726-5em@’ in document 3.

Target Answer:

we?t (The model must ignore the questions in
Document 1 and solve the integral in Docu-
ment 3).

B.3 Global Integration: Multi-Source
Information Processing

A single mathematical problem is split into three
parts (Setup, Question 1, Question 2) across three
different documents. The model must perform
cross-document retrieval to reconstruct the full
problem context before solving it.

Case ID: Global-Integration

Category: Global Integration

Key Mechanism: Fragmented Information
Aggregation

Context Overview:

* Document 1 (Problem Setup): Contains
the initial conditions of the geometry prob-
lem embedded within medical text.

[Medical Q&A Noise]
h6gKmUOmz2m: Given circle
C:224+y?>+2x—2y—6 =0, line

l passes through point P(1,2) and
intersects circle C' at points A and B. ...
[Noise] ...

* Document 2 (Sub-question 1): Contains
the first part of the specific question embed-
ded within different medical/pharmaceuti-
cal text.

[Medical Q&A Noise] ..
h6gKmUOmz2m: (1) If AABC
is an isosceles right-angled triangle, find
the equation of line /; ... [Noise] ...

* Document 3 (Sub-question 2): Contains
the second part of the question embedded

within a financial project report.

[Financial Report Noise] ...
h6gKmUOmz2m: (2) When PC' 1 |,
find the equation of the circumcircle of
ANABC. ... [Noise] ...

Instruction:
Please assemble the question corresponding
to ‘h6gKmUOmz2m’ and answer it.

Target Answer:
Mrx=1lordz+4y—11=0

(2) 522 + 5y* — 6z — 18y +2 =0

(The model must retrieve the setup from Doc
1, combine it with conditions from Doc 2 and
Doc 3, and solve the aggregated geometry
problem).

B.4 Relational Reasoning: Structure
Understanding and Logic

The model must perform a global scan to determine
anchor uniqueness frequencies, select the correct
document based on key density, and apply strict po-
sitional logic to locate the target question, filtering
out "trap" anchors (duplicates) during the process.

Case ID: Logic-Constrained

Category: Relational Reasoning

Key Mechanism: Global Frequency Analysis
& Relative Positional Logic

Context Overview:

* Document 1 (E-Commerce Report): Con-
tains multiple unique keys associated with
Math and Logic problems.

Consumer Expectations in 2018

OSXVANVP: Sequence problem
Gn+1 = an + 2" ... BEKAHJXW:
Statistics problem ...

* Document 2 (Environmental Report):
Plain text with no embedded keys (Distrac-
tor).
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* Document 3 (Biography): Contains a mix
of unique keys and a duplicated key.

General Walker commanded the
Eighth Army ... KNGUKM: Tennis tour-
nament logic ... ABNKRKRH: Inequal-
ity problem h(;‘—a“ = ... ... GIEDWE:
Physics wave calculation ... RITGAYG:
House logic puzzle ...

* Document 4 (Linear Algebra): Contains

the duplicated key found in Document 3.

... Problem 5: Decide if range of map ...
GIEDWE: Geometry point set problem

Instruction:

First, identify anchors that appear only once
across all documents. Find the document with
the highest total count of anchors. In that doc-
ument, locate the last unique anchor and an-
swer the question associated with the unique
anchor immediately preceding it.

Target Answer (for ABNKRKRH):
C (Based on the analysis of the inequality
hel—f = % = lnc < 0, implying a < b <

c).

B.S Dynamic State Tracking: Long-Range
Computational Reasoning

The model cannot simply retrieve a value; it must
first determine the state of the context (counting
specific key occurrences), evaluate a logical condi-
tion based on that state, and then perform a specific
sequence of mathematical operations on values re-
trieved from distributed anchors.

Case ID: Dynamic-State-Tracking-Math
Category: Dynamic State Tracking / Compu-
tational Reasoning

Key Mechanism: Conditional Logic & Multi-
Stage Aggregation

Context Overview:

* Document 1 (Survey Analysis): Contains

a key embedded in statistical text.
... excluding incomplete questionnaires
... LTUCRHGAXK: 82 x 67 ...

* Document 2 (Game Design Manual):
Contains a key embedded in UI/UX instruc-
tions.

. visual balance lines ...
6—(8—4)+16...

* Document 3 (Stock Market Report): Con-
tains the target keys for the "False" branch.

A-share defense battle ... ROX-

NNQABR:

BXXYMYU: 2 — 14.9/6 + 7 ... market
leverage ... MPEOEZHO: 19 x 19.7 +
20/2 ...

* Document 4 (Electricity Report): Con-
tains the target keys for the "True" branch

(Distractors).

16-candle lamps installed ... TB-
WYKIE: (20 x 4) x (3 — 16) ... KYP-
NFYC: sin(135°) x cos(135°) + 3 ...

Instruction:

If the number of documents containing
LTUCRHGAXK is greater than the number of
documents containing NNQABR, calculate the
sum of the answers for TBWYKIE and KYPNFYC.
Otherwise, calculate the product of the an-
swers for ROXBXXYMYU and MPEOEZHO. (Round
intermediate steps to 2 decimal places).

Target Answer:
2505.64

C Training Details

This section details all training configurations uti-
lized for enhancing atomic skills, including the
optimization objective, sampling strategies, train-
ing hyperparameters, reward mechanisms, and data
filtering and mixture strategy.

C.1 Group Relative Policy Optimization
(GRPO)

Group Relative Policy Optimization (GRPO) (Shao
et al., 2024) is designed to reduce computational
overhead in training large-scale models by eschew-
ing a trained value function. The core innovation
lies in its advantage estimation mechanism.

Instead of relying on a critic network to pro-
vide a value baseline, GRPO computes the advan-
tage for each sample relative to the average reward
of a group of samples generated from the same
prompt. For a given prompt, a group of G outputs
{01,02,...,0g} is sampled from the policy moq.
Upon obtaining a reward r; for each output o;, the
advantage A; is calculated as:

1
A =1 — |g| ZT] (D

This formulation utilizes the group mean reward as
a dynamic baseline. The policy is updated using
a clipped surrogate objective augmented with a
KL-divergence penalty. Formally, the objective is
defined as follows.
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where 0 represents the parameters, ¢ is the clip-
ping hyperparameter, and § controls the strength
of the KL regularization.

C.2 Dynamic Sampling

To address the issue of reward homogeniza-
tion—where similar rewards within a group lead
to near-zero advantages and vanishing gradi-
ents—Dynamic Sampling (Yu et al., 2025) is used.
This strategy dynamically prunes the samples with
redundant rewards during training. By ensuring
that the training batches are composed of diverse
and informative trajectories, this method strength-
ens the gradient signal and accelerates conver-
gence.

C.3 Training hyperparameters

Hyperparameter Value

Computational Setup

Hardware 64 x NVIDIA H20
Parallelism Strategy TP=8
Offload Disabled
Training Parameters
Max Sequence Capacity 32,768
Max Input Length 28,576
Max Output Length 8,092
Global Train Batch Size 128
Mini-Batch Size 32
Learning Rate 2x 1076
KL Coefficient (/3) 0.001
Rollout Batch Size (Gen BS) 256
Group Size (G) 16
Temperature 0.85
Top-p 0.6 (Disabled)
Clip Ratio High (epign) 0.28
Clip Ratio Low (€jow) 0.20

Table 3: Detailed hyperparameters for RL training.

To ensure reproducibility and provide a com-
prehensive view of our experimental setup, we de-
tail the complete set of hyperparameters used dur-
ing the Reinforcement Learning (GRPO) training
phase in Table 3. The models were trained using 64
NVIDIA H20 GPUs with Tensor Parallelism (TP)
set to 8. To accommodate the extensive context

lengths required for our atomic skill datasets, the
maximum sequence capacity was set to 32,768 to-
kens (allocating 24k tokens for input and 8k tokens
for output generation). We utilized a KL diver-
gence coefficient of 0.001 to constrain the policy
drift and prevent catastrophic forgetting of the base
model’s inherent capabilities. During the rollout
generation, the group size was configured to 16
with a temperature of 0.85 to maintain a balance
between exploration diversity and response quality.

C.4 Reward Mechanisms

Prompt Template for Answer Verification

You are a rigorous answer verification expert.
Please verify the following model’s answer to
ensure it is correct.

Please carefully compare the model’s an-
swer with the standard answer. Verifica-
tion Criteria:

1. Numerical Answers: Numerical values
must be essentially identical (two decimal
places are allowed; e.g., 3.92 and 3.94 are
considered correct).

2. Textual Answers: Core information must
be consistent; the expression style can dif-
fer.

3. Tabular Answers: Data content must be
consistent; the format can differ.

4. Answers that cannot be judged or are un-
clear are considered incorrect.

Output Format Requirements
Please strictly adhere to the following format
and do not add any other content:

[Scoring Criteria]: [Based on the verification
criteria and standard answer, provide the scor-
ing criteria]

[Scoring]: [‘0” or ‘1°]

The following content requires scoring:

[Standard Answer]: {ground_truth}
[Student Answer]: {model_answer}
N\ J

Instead of relying on a subjective LLM-as-a-
Judge paradigm, our reward modeling leverages
the strictly verifiable nature of the Anchor-based
Reasoning (AbR) datasets. Since the ground-truth
answers for all atomic skills are algorithmically
generated and deterministic, we utilize gpt-oss-
120B exclusively as a robust answer extractor and
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equivalence checker. Specifically, it parses the fi-
nal answer from the model’s output, normalizes it,
and compares it against the deterministic ground
truth. The binary reward (1 for a match, O other-
wise) is then assigned. This exact-match design
effectively mitigates subjective judgment bias and
classic reward hacking.

To ensure full reproducibility, we detail the ex-
act prompt templates utilized during our Reinforce-
ment Learning pipeline.

To facilitate complex long-context reasoning, dif-
ferent strategies are applied depending on the back-
bone model’s native capabilities:

e Instruct Models: To guide standard
instruction-tuned models (e.g., Qwen2.5-
Instruct) toward a deliberate reasoning mode,
a specialized “chain-of-thought” (CoT) sys-
tem prompt is introduced. This is coupled
with a format-compliance reward signal to en-
sure the model explicitly outputs its reasoning
steps before yielding the final answer.

* Models with CoT: For models that in-
herently incorporate a reasoning process
(e.g., DeepSeek-R1-Distill), standard training
procedures are followed without additional
reasoning-inducing prompts.

C.5 Data Filtering and Mixture Strategy

To ensure optimal training efficiency and avoid
both reward sparsity and weak reinforcement sig-
nals, we implemented a pass-rate-based data filter-
ing strategy. This mechanism induces an implicit
training curriculum designed to target the model’s
"zone of proximal development." The detailed data
curation pipeline proceeds as follows:

Initial Pool Generation: We first generate a vast
and balanced pool of AbR tasks spanning all five
atomic skills. During this stage, we systematically
vary key complexity parameters—such as context
length, document count, anchor density, and rea-
soning depth—to create a broad and continuous
spectrum of difficulty.

Pass-rate Computation: To quantify the inherent
difficulty of each task, we employ DeepSeek-V3.1
as a reference model. For every query in the initial
pool, we sample 16 independent rollouts. We then
compute a specific pass-rate for each query, defined
as the proportion of correct exact-match answers
out of the 16 rollouts.

Difficulty Filtering: We empirically observe that
queries with a pass-rate greater than 0.6 are "too

easy" and yield weak gradient signals for reinforce-
ment learning. Conversely, queries with a pass-rate
below 0.3 are "too hard" and lead to severe reward
sparsity, which destabilizes training. Consequently,
we discard items outside this optimal range, re-
taining only those queries with a pass-rate in the
interval [0.3, 0.6].

Emergent Mixture Ratio: It is important to note
that the final dataset composition is not based on
arbitrary heuristics. Instead, the final training mix-
ture ratio (Anti-interfere : Multi-hop : Multi-source
: Logic : Calc-reason : NIAH=5:3:2:2:2
: 1) organically emerges from the aforementioned
pass-rate filtering process. This ratio parametrizes
a difficulty-aware data distribution, accurately re-
flecting the relative proportion of skill tasks that
naturally fall within the optimal difficulty window.
A comprehensive grid search over explicitly de-
fined mixture ratios is left for future work.

D Evaluation and Baseline Details

Evaluation Our evaluation framework incorpo-
rates both standard open-source benchmarks and a
custom atomic capability dataset. For open-source
benchmarks, we select LongBench-v2 (Bai et al.,
2025), Loong (Wang et al., 2024), MRCR (OpenAl,
2025c), BrowsCompLong (OpenAl, 2025a), the
ga_2 subset from Ruler (Hsieh et al., 2024), and
the real-prompt subset of Loogle (Li et al., 2024b).
To ensure consistency, we filter these datasets to
include only samples with context lengths less than
or equal to 128k tokens. The evaluation metrics for
these open-source benchmarks align strictly with
the protocols defined in their respective original
papers. Additionally, we assess atomic capabili-
ties using a dataset constructed via our proposed
methodology, employing gpt-o0ss-120B (OpenAl,
2025b) to conduct consistency-based evaluation.

Baselines We compare our approach against
some general baselines including the closed-
source (Gemini-3-Pro) as well as open-source
baselines including Kimi-K2-Thinking (Team
et al., 2025), DeepSeek-V3.1 (DeepSeek, 2025b),
QwenLong-L1-32B (Wan et al.,, 2025), and
Qwen3-235B (Yang et al., 2025a). In addition,
to further show the superiority of our approach,
we compare it with some direct baselines, which
are obtained by training DeepSeek-R1-distill-32B
on the synthetic long-context reasoning datasets
named LongReason (Ling et al., 2025), Qwen-
Docga (Wan et al., 2025), LoonngRI (Wang et al.,
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2025). In details, we utilize the officially re-
leased datasets for LongReason and QwenDocQA.
Additionally, we reproduce the data construction
pipeline of Loonngrl to generate a dataset of 4, 000
samples for comparison.

To accommodate the long-context requirements
of our evaluation, for any baseline model with a
native context window smaller than 128k, we apply
YaRN for length extrapolation.

E Diagnosing the Capability Gap

By cross-referencing the correlation data (Figure 3)
with the absolute performance scores (Table 4), we
further identify critical structural flaws in current
models.

The “Importance-Proficiency” Mismatch. Our
analysis reveals a specific pattern of High Cor-
relation, Low Performance. For example, Anti-
interfere and Multi-source are strong predictors of
real-world success (p = 0.94 and p = 0.91, respec-
tively). However, most models struggle on these
tasks: while Qwen2.5-32b-instruct achieves
37.00% on basic NIAH, it drops to 22.13% on
Anti-interfere and 23.88% on Multi-source. Sim-
ilarly, Logic proves to be the most difficult task
(e.g., 13.00% for the same model), though its cor-
relation with real-world performance is moderate
(p = 0.77). Moreover, there exists a Retrieval Ceil-
ing, that is, most models perform relatively well
on clean NIAH tasks. However, since NIAH is
merely a prerequisite, improving it further yields
diminishing returns for complex real-world tasks.

The Robustness Bottleneck. The perform dif-
ference between NIAH and Anti-Interference (e.g.,
37.00% v.s. 22.13% for Qwen2.5-32b-instruct)
highlights that models lack discrimination capa-
bilities. They can retrieve information but tend
to be easily distracted by “lure” noise. Since
Anti-Interference correlates highly with real-world
benchmarks (p = 0.94), this fragility can be an
important factor for general performance.

F Impact on General Capabilities and
Short-Context Reasoning

A common concern when fine-tuning or applying
reinforcement learning to Large Language Mod-
els on specialized tasks is the potential for catas-
trophic forgetting, where the model loses its gen-
eral capabilities or proficiency in shorter contexts.
To mitigate this risk, our RL setup is deliberately

conservative: we train on a highly targeted, small-
scale dataset consisting of only synthetic atomic-
skill samples. Furthermore, the GRPO algorithm
incorporates an explicit KL divergence penalty
to strictly constrain the policy drift, keeping the
optimized model close to the initial base model
(DeepSeek-R1-Distill-32B).

Empirically, we observe no evidence of perfor-
mance degradation on standard short-to-medium-
context reasoning tasks. On the contrary, evalu-
ating the models on widely used multi-hop rea-
soning benchmarks—including 2WikiMultihopQA,
MuSiQue, and HotpotQA reveals consistent and
significant improvements. As shown in Table 5, our
approach substantially boosts performance across
all three datasets compared to the strong base
model.

These results suggest that explicitly sharpen-
ing atomic skills (e.g., global integration and log-
ical structuring) for long-context reasoning does
not erode the model’s fundamental abilities. In-
stead, this atomic-level alignment effectively en-
hances general multi-hop reasoning capabilities
even within shorter contexts.
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Model NIAH Anti-interfere = Multi_source Logic Calc_reason
QwenLong-L.1-32B 66.50% 33.83% 38.81% 28.50% 47.37%
Qwen2.5-32b-instruct 37.00% 22.13% 23.88%  13.00% 36.59%
DeepSeek-R1-Distill-Qwen-32B  58.25% 25.96% 32.54% 17.50% 42.11%
Qwen3-32B 23.00% 12.55% 23.28%  19.00% 19.80%
Qwen3-32B 69.50% 29.15% 37.01% 27.25% 52.13%
Qwen3-30B-A3B-thinking-2507  74.25% 41.70% 47.46% 31.50% 60.15%
Qwen3-14B 46.50% 21.06% 29.25%  19.50% 37.09%
Deepseek-R1-Distill-Qwen-14B ~ 37.50% 13.40% 19.10% 9.00% 24.31%
Qwen2.5-14b-instruct 27.75% 14.47% 19.70% 14.25% 31.58%
Qwen3-8B 42.00% 17.66% 25.37% 15.00% 37.09%
Qwen2.5-7b-instruct 16.50% 8.30% 11.64% 9.25% 19.30%
Deepseek-R1-Distill-Qwen-7B 5.25% 2.13% 3.28% 3.75% 4.51%

Table 4: Performance comparison on atomic skills.

Model 2WikiMultihopQA MuSiQue HotpotQA Average
DeepSeek-R1-Distill-32B 74.0% 51.5% 78.0% 67.8%
DeepSeek-R1-Distill-32B + Ours 82.5% 64.5% 83.0% 76.7%

Table 5: Performance comparison on short/medium-
context multi-hop reasoning benchmarks.

34532



